In transportation and traffic analysis count data arises frequently, collectively emerging from individual traveler choices from a choice set of alternatives. Examples include network origin-destination (OD) flow rates and visitor counts at sites, for example transit stations and public parks. From a modeling perspective, these data are aggregate counts at the top level, but are comprised of individual discrete choices at the lower level. Models of count data are widely applied in the transportation and traffic fields. However, only a moderate level of applications jointly model count observations at the top level with discrete choice models at the bottom level under a random utility maximization (RUM) framework. This paper considers modeling count data with an underlying choice process as a joint model that merges an observed event count process with a discrete choice process, where the count level is Poisson distributed. This model captures both processes within a single random utility framework that preserves a direct mapping between the count intensity and the utility of the chosen alternative, including unobserved variables and latent factors. The decision-making context examines discretionary activity type choice for activities completed within a one-day period. The results show that a model of count with endogenous choices can account for the mapping of impacts of choice attributes from the lower level towards the observed count at the top level emerging from choices, including the idiosyncratic term associated with the utility of choice alternatives. Furthermore, since this model preserves the linkage between the maximizing utility and rate parameter in the joint model, identifying the contribution of attributes between the two levels is possible.
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Introduction and background
Observed count data arises frequently in transportation and traffic analysis, leading analysts to produce several methods for estimating and forecasting count rates, largely within an econometric framework. Example contexts include network origin-destination (OD) flow rates ( Parry and Hazelton, 2012; Zhou and Mahmassani, 2007 ) and visitor counts at transit stations and other public facilities ( Ceder, 2007; Englin et al., 1998; Englin and Shonkwiler, 1995 ) . In these examples, the observed aggregate event counts arise collectively from an underlying individual choice from a choice set of alternatives. For example, visitor counts at transit stations are count observations at the top level, but comprised of individual choices of stations at a lower level.
Within the applied econometrics literature, models that characterize the distribution of aggregate level count or rate data are extensive ( Hausman et al., 1995 ) . Models of count data, specifically the Poisson or negative binomial models, have seen wide application in the transportation and traffic field. These applications include daily activity frequency ( Ma and Goulias, 1999; Hamed and Mannering, 1993; Mannering and Hamed, 1990 ) , accident rates ( Lord and Mannering, JID: TRB [m3Gsc; September 13, 2017; 11:37 ] Karlaftis and Tarko, 1998 ) and transit station arrival rates ( Ceder, 2007; Salek and Machemehl, 1999 ) . Outside of transportation, other areas related to travel behavior have also modeled the intensity of behavioral processes at an aggregate level, for example, in the context of recreational site visit counts ( Englin et al., 1998; Englin and Shonkwiler, 1995 ) . Exponential random graph models (ERGM) have been used to model the degree of social connectivity within social networks randomly ( Wasserman, 1994; Jackson, 2008 ) . In the area of network science, human mobility pattern are described using power law distributions fitted to cell phone location data ( Gonzales et al., 2008 ) . While distributions like the Poisson, ERGMs and power law are used extensively in transportation systems analysis to describe aggregate level observations, the mapping and linkage with discrete choice modeling at the individual traveler level has received less attention. Even for models of count data (i.e. Poisson, Negative Binomial, etc.), few applications jointly model count observations at the upper level with discrete choice models for individual travelers at the lower level, within a single random utility maximization (RUM) framework. Given the wide application and extensive development of disaggregate discrete choice models in transportation analysis ( Train, 2009; Ben-Akiva and Lerman, 1985 ) , integrating them with other models that account for distributions at a more aggregate level, such as those mentioned, may be beneficial. By preserving a direct mapping between the distribution parameters at both levels, including unobserved variables and latent factors, this integration could permit econometrically estimating the marginal impact of individual choices on collective effects. Two areas of related literature are reviewed briefly before presenting the model formulation and estimation results.
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Collective effects in transportation
Collective effects that emerge from the collection of individual traveler choices are prevalent in the transportation and traffic analysis, ranging from network link flows that arise from route choices to OD flows that arise from destination choices. Within an econometric framework, travelers' route and destination choices have been modeled and parameters estimated with empirical data ( Prato, 2009; Bekhor and Prashker, 2008 ) . The dominant approach for capturing the interdependence between individual travel choices and network performance has been to solve for an assumed equilibrium under various assumptions on user behavior and estimated parameters from choice modeling. Simulation and laboratory experiments has also been used that simulate either the network conditions in response to decisions from real, actual commuters Mahmassani, 1990; Helbing et al., 2002 ) or both the network and individual user decisions ( Chen and Mahmassani, 2004; , such as agent-based simulation. These approaches provide the ability to investigate dynamic system evolution, in particular convergence and stability, and the mechanisms underlying the day-to-day choice behavior of system users.
In the field of network or system science, there is also interest in collective effects where the aggregate distribution of a collection of individual decisions is modeled. Studies in this field have found that human mobility patterns, characterized by displacement over time, follow power law or Levy flight distributions ( Gonzalez et al., 2008; Brockmann, 2006 ) . A second example includes patterns in social networks, where individual decisions to connect to others collectively give rise to these networks ( Jackson, 2008; Wasserman and Faust, 1994 ) . Exponential random graph models are used to explain the distribution of these connections. While these studies provide an improved understanding of the mechanics underlying the systems, the linkage with discrete choice models that capture preferences and tradeoffs has not been examined. In contrast, transportation analysis has made several contributions towards understanding individual choice, but mapping these results up towards estimating collective effects has received less attention, especially from an econometric standpoint.
Although collective effects are predominantly examined in the network or systems contexts, from an individual behavioral standpoint, the collection of observed choices travelers make may also represent a type of collective effect, where the collection of choices over time emerges from individual choices. A more specific context is persistence, habit or inertial effects present in repeated choices, typically modeled within a random-utility maximization (RUM) discrete choice framework ( Cherchi and Manca, 2011; Cantillo et al., 2007; Srinivasan and Mahmassani, 2001 ) . Habit or inertia is typically captured in these models as the degree of dependence of the current choice on the previous choices, using both panel and RP/SP datasets. The model presented in this study may offer an alternative modeling perspective for examining habit and inertia in choices where the utility of choosing one alternative maps into an aggregate rate parameters positively. From the perspective that repeated choice represent a "collection" of individual choices, habit or inertia emerge collectively over these choices.
Econometric models of count and discrete choice
An econometric challenge exists in evaluating the joint distribution between the count and discrete choice levels. In the case of a Poisson count model in the upper level and logit choice model among J alternatives in the lower level, this joint distribution becomes a convolution between a product of J -order statistics and the Poisson distribution. Such a convolution produces an analytically intractable integral for evaluation. From a methodological standpoint, data augmentation within a Bayesian estimation framework can include ε in λ, but Burda et al. (2012) have shown that this approach suffers from the curse of dimensionality as the number of alternatives in the choice set increases, and as the sample size of observations increases, leading to convergence issues. One promising approach is to analytically expand the Poisson count model likelihood function as a series and approximate its value ( Burda et al., 2012; Karlis and Xekalaki, 2005 ) . This is possible due to the exp ( x ) term in the probability mass function (PMF), and in fact, several other distributions mentioned in the previous section may also benefit from a similar approach. Additionally, while approximating the convolution using the moment distribution is possible, Burda et al. (2012) also show that evaluating the cumulants of the moments of the joint count-choice probabilities instead leads to a recursive formulation that is computationally tractable. This paper presents such an approach for estimating a joint count choice model, and the same approach may be applied to the network or systems contexts described previously.
The transportation systems analysis literature has produced several approaches for dealing with observed decisions of count, especially with respect to observed accident rates ( Lord and Mannering, 2010; Karlaftis and Tarko, 1998 ; Castro et al., 2011; Narayanamorthy et al., 2013; Bhat et al., 2014 ) and household vehicle ownership ( Liu et al., 2014 ) . Furthermore, the literature has recently started examining their linkage with observed discrete choices ( Bhat et al., 2014; Bhat et al., 2015 ) . There is an increasing interest in analyzing mixed-data outcomes, where the collection of outcomes is dependent on common underlying observed factors, such as attitudes, values and lifestyle factors. In a recent study, a model (Generalized Heterogeneous Data Model) with dependent variables of continuous, ordinal, count and binary outcomes was developed to accommodate spatial interactions. There is a strong recent interest in the transportation community in econometric frameworks that can accommodate mixed data types.
Within the context of this recent work, conceptually count observations are modeled from the perspective of an ordered response model and then linked to a discrete choice model with an underlying latent propensity ( Train, 2009 ) . Specifically, accident rates at intersections were modeled as a generalized ordered response model with the single latent continuous JID: TRB [m3Gsc; September 13, 2017; 11:37 ] variable representing accident or crash propensity, which leads to a generalized ordered probit model (GOPM) under assumptions of a normally distributed latent propensity ( Castro et al., 2011; Narayanamorthy et al., 2013; Bhat et al., 2014 ) . The GOPM formulation further allows linkage to a MNP based control type model by allowing for covariance between the two models. These studies provide further (very illuminating) insight into the linkage between conventional count models and the reformulated ordered response perspective by showing the model may collapse to either a negative binomial model or a Poisson count model, depending on the estimated threshold values ( Bhat et al., 2014; Bhat et al. 2016a; Bhat et al. 2016b ) . Other contexts where joint count-choice models are considered are in activity participation, typically capturing the utility of choice alternatives with a logsum parameter and subsequently used directly in estimating the Poisson rate parameter ( Mannering and Hamed, 1990; Hamed and Mannering, 1993 ) . The approach in this paper differs in its perspective on modeling count observations and subsequently the linkage between the unobserved latent error between the count and choice models. In previous studies, counts are considered ordered response levels. However, this may become complicated as the number of count levels increase with the number of thresholds ( K ) still needs to be specified a priori and statistically tested to determine the appropriate value of K . In the model presented here, the modeling of count observations using a count model preclude the need to specify thresholds. The second dichotomy between other approaches in the literature ( Bhat et al., 2014 ) and the one presented here is the mapping between the errors (idiosyncratic terms) between the count and choice models. In previous studies this mapping is accomplished through a variance-covariance matrix between the two models (see Eqs. (5 ) and ( 6 ) in Bhat et al., 2014 ) , which results from both models (GOPM and MNP) having normally distributed errors. In this paper, the mapping occurs through a convolution between the Poisson count and extreme value type 1 distributions. One final issue that the estimation approach in this paper is envisioned to extend to other distributions, such as ERGMs ( Wasserman, 1994 ; Jackson, 2008 ) and power law distributions ( Gonzales et al., 2008 ) , for aggregate level observations. Extending the recasting of count models as an ordered response models to these distributions remains an area of research for future work.
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Study objectives
The main objective is to present a model formulation and estimation procedure for a joint count-discrete choice model that preserves the linkage between the count intensity parameter and the utility maximizing choice within an econometric framework. Such a model has the advantage of mapping of the idiosyncratic error term from the utilities of chosen alternatives into the count intensity parameter. The model formulation follows that of Burda et al. (2012) and estimation results illustrate the insight gained with respect to impacts at both the choice and count levels. The modeling approach developed extends discrete choice models by also capturing intensity of choices in addition to the specific choice made, and connecting or mapping the two through the same underlying preference structures. The modeling approach developed applied to the context of discretionary activity participation frequency over a day. The focus of this paper is to analyze observed count data of activity participation from a conventional activity and travel dataset, using the joint count and discrete choice model approach developed. Since the approach is developed within a utility maximization framework, the mixing distribution is a convolution of stochastic count and extreme value type 1 distributions. The model developed is applied to discretionary activity count data for a one-day observation in Portland, Oregon in the Oregon Household Travel and Activity Survey (OHAS) dataset. The next section presents the model formulation and framework.
Model formulation and framework
The decision context for this model is daily discretionary activity frequencies, which are further segmented based on activity type choices. The observed outcome is the total daily count of discretionary activities by type; for example, two social activities out of a total of six discretionary activities observed may be observed for a traveler on the survey day. The focus is on discretionary out-of-home activities where travelers choose a type of discretionary activity, either social, personal business or other, at every choice at an instant in time τ .
Observed activity counts are assumed to arise from a time continuous Poisson process where the collection of interarrival durations between activity occurrences follow an exponential distribution ( Larson and Odoni, 1981 ). An alternative perspective on the activity generation process is to consider the observed daily counts as the result of a duration decision process, where travelers decide the duration of time until the next activity occurrence ( Hamed and Mannering, 1993 ) . From this perspective, knowing the distribution of inter-arrival times implies a specific count distribution. For example, if the inter-arrivals are Weibull distributed, then a Weibull count distribution emerges ( Sverini, 2005 ) . However, for other distributions used to characterize aggregate level observations, such as the number of social connections in social networks, applying this perspective is not straightforward, but can be further investigated in a future study.
This decision process for the model consists of two levels. The bottom level is conceptualized as a utility-maximizing choice among a choice set of discretionary activity types at an instant of time τ . The top level is an activity count is an activity count over the time period t , which is a single day in this study. The activity count is a realization of a nonhomogenous Poisson process with intensity parameter λ it ( τ ) that is a function of the utility of the chosen alternative c ∈ J : U itc (τ ) = max j∈ J U it j (τ ) . The utility is assumed linear-in-parameters:
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JID: TRB [m3Gsc; September 13, 2017; 11:37 ] X itj are alternative varying attributes, such as activity duration and distance from home; D itj are other alternative specific variables, such as occurs in the afternoon or evening; ε itj is the idiosyncratic or random disturbance term distributed i.i.d. 
The Poisson intensity parameter λ it is governed by U itc ( τ ) which is the utility of the chosen alternative c for individual i during time period t at time instant τ . To parameterize the link between Poisson intensity parameter λ it ( τ ) and utility U itc ( τ ), specify the link as follows: (2 )), the independence assumption of Poisson time increments the integrated probability mass function (PMF) of the observed counts for each time period t (one day in this case) can be evaluated. Given a set of observed activity choices k = 1, …, Y it within a time period t for individual i let
denote the discrete realizations of U itc ( τ ) at an instant in time τ ∈ t . Given the independence assumption of time increments in a Poisson process, the integrated count intensity for the time period t is:
y it is a realization of Y it . X itc , D itc and ε itc are defined similarly as:
X it j , D it j and ε it j for the non-chosen alternatives for each k = 1, …, Y it are defined similarly to Eqs. (7 )-(9) . Note that the β i , θ i , γ of the standard market share of chosen alternative c over period t are estimated in relation to the integrated Poisson PMF over time period t .
For each time period t , denote δ itc as the fraction of that time period over which the alternative c was the chosen alternative. For example, if the individual chose to participate in social/recreation activities for half of the observed activities within a one day period t , δ itc would be 0.50. Given that the error term is assumed Gumbel distributed, the standard market share of chosen alternative c for period t given by:
and is the (mean) deterministic portion of the utility function ( Eq. (1 )). V it j is defined similarly. If δ itc is the fraction of time period t (one day) where alternative c was chosen (i.e. the logit market share for alternative c during the travel day), the independence assumption of Poisson time increments allows linking this fraction to the integrated Poisson 13, 2017;11:37 ] count for the probability. The conditional count probability function is a special case of the proportional Poisson PMF for a specific chosen alternative c :
Note that the count intensity λ it is stochastic due to the inclusion of ε itc and the possible random distributions specified for β i , θ i , as in a random parameters mixed logit model. The unconditional count probability mass function is given by:
Eq. (12) is a mixed-Poisson model with mixing distribution g ( λ it ) that arises from the underlying individual utilitymaximization process. The likelihood function is the joint count probability of the observed sample y = { y itc } is the product over N the total number of travelers, T i the set of time periods observed for each traveler i , and C it the set of activity types observed for traveler i in time period t .
Analytical approximation of the joint count-choice probability
The estimation of parameters β i , θ i , γ requires evaluating the joint count-choice probability ( Eq. (12) ). The econometrics literature has shown that the evaluation of Eq. (12) is not simple due to its analytically intractable form from the inclusion of ε itc for each choice made in t . ( Burda et al., 2012; Karlis and Xekalaki, 2005; Zhou and Carin, 2015 ) . However, both Burda et al. (2012) and Karlis and Xekalaki (2005) suggest analytically writing the function exp ( x ) as a series expansion as an approximation. In addition to the Poisson distribution, the function exp ( x ) also appears in the exponential random graph models (ERGM) used to describe the distribution of social network characteristics, such as degree of connectivity ( Jackson, 2008; Wasserman and Faust, 1994 ) . Additionally, for the power law distribution used in past studies, a power series expansion is possible ( Gonzalez et al., 2008; Brockmann, 2006 ) . A series expansion of the choice count-choice probability is derived next. By representing this probability as a series expansion, we can approximate it via the terms of this series. Rewrite Eq. (12) as follows:
is the product measure = ν × ε. Given that λ it = V itc + ε itc , rewrite Eq. (13) as:
Eq. (14) can be written as the following double integral. Using Fubini's theorem switch the order of integration:
The inner integral in Eq. (15) is a mixed Poisson count model with a conditional mixing distribution g(
To evaluate Eq. (16) , first write the Poisson mixture in terms of its series expansion. The series expansion of the term exp ( x ) is:
Approximating Eq. (16) by computing the series expansion of exp ( x ) up to a number of terms has been recently examined the econometrics literature ( Burda et al., 2012; Karlis and Xekalaki, 2005 ) . This paper follows the same approach to evaluating Eq. (16) . Applying the series expansion of exp ( x ) to exp( −δ itc ( V itc + ε itc ) ) in Eq. (16) gives:
Re -substitute back into the mixed Poisson expression ( Eq. (16) ) gives the following:
ARTICLE IN PRESS
JID: TRB [m3Gsc; September 13, 2017; 11:37 ] P r (
Define the integral in brackets above in Eq. (22) as the wth generalized moment of ε itc about V itc :
Rewrite Eq. (20) as follows:
η w ( ε itc | V itc ) is the w -th generalized moment of ε itc about V itc , and w = r + y itc . The summation inside the brackets in Eq. (22) is equivalent to E ε f ( y itc | V itc ) through approximation. The next section discusses the evaluation of the moment η w ( ε itc | V itc ) through cumulants, which is the approach taken in Burda et al. (2012) .
Approximating moments η w ( ε itc | V itc ) from cumulants
Evaluating η w ( ε itc | V itc ) directly from the integral in Eq. (21) is precluded due to the complicated form of the conditional density of ε itc . One possible common approximation approach is to use the scaled moments from the Moment Generating Function (MGF) M ε itc of ε itc . However, Burda et al. (2012) have found the approach computationally prohibitive and instead suggest transforming M ε itc to the Cumulant Generating Function (CGF) K ε itc of ε itck , and deriving the cumulants of the composite random variable ε itc . The analytical expression for the expected conditional mixed Poisson density as a series expansion is given by:
is the w -th generalized moment of ε itc about V itc , and w = r + y itc . Evaluating the moment is possible, but computationally prohibitive, especially when used in a hierarchical Bayesian estimation framework. Their solution in Burda et al. (2012) is to instead determine the cumulants κ w ( ε itc | V itc ) of the generalized moments, and use the cumulants to approximate the generalized moment η w ( ε itc | V itc ) . In general, un-centered moments η w are related to cumulants κ w of order w by the following ( Smith, 1995; Severini, 2005 ) :
Writing out the summation in Eq. (20) for η w ( ε itc | V itc ) and separating the first cumulant κ 1 ( ε itc | V itc ) leads to the following:
Denote the scaled moment ˜ η w ( ε itc | V itc ) as the term inside the summation in Eq. (25) :
Recursively computing ˜ η w ( ε itc | V itc ) based on lower-order moment terms using Eq. (25) yields the following expression below for a generic w = y itc + r in terms of scaled moments:
ζ ( w ) is the Reimann zeta function ( Severini, 2005 
ARTICLE IN PRESS
JID: TRB [m3Gsc; September 13, 2017; 11:37 ] the following:
(27) η 0 = 1 . Define the following:
For = 1, …, ∞ , let q = 0, …, ( y itc + r − 2). Define three cases: 
The recursive expression in Eq. (26) 
The recursive expression in Eq. (26) can be rewritten succinctly as follows:
For a large enough r = 1, …, R Eq. (34) above approximates Eq. (26) , which is used in the Bayesian MCMC estimation framework presented next.
Hierarchical Bayesian estimation and gibbs sampling
The joint count-choice model specified in Eqs. 7 and 8 is estimated within a hierarchical Bayesian estimation framework This still requires the evaluation of E ε f ( y itc | V itc ) , which is done analytically through the approximation described in Section 2.2 . Additionally, the parameters in the utilities are assumed multi-variate normally distributed β i ∼ MVN ( b, W ) and θ i ∼ MVN ( b θ , W ), and are estimated through Bayesian augmentation, using procedures described in Train, (2009 , Ch.12) . Denote the model parameters by b and W and the joint prior distribution by k ( b, W ). From Eq. (19) the probability of an observed count is:
is evaluated analytically according to Section 3.2. Using an approach similar to Train, (2009 , Ch.12 ) for the Bayesian mixed-logit and Burda et al. (2012) , the data-augmentation with respect to the random parameters in the utility function. The joint posterior takes the following form:
H is the set of hyper-parameters:
Denote the priors on the hyper-parameters as:
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The Gibbs sampling is specified and described as follows:
There is no simple method to draw from this posterior so the Metropolis-Hastings algorithm is used. h) Repeat the process many times.
• Draw and update θ | β, γ , δ analogous to β.
Follow same procedure as above for β except for θ .
• Draw and update γ | β, θ , δ from the joint posterior a) Take K + N draws of K-dimensional vectors η i with elements that are independent standard normal draws,
The 13, 2017;11:37 ] 
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Dataset characteristics
Observations used to model daily discretionary activity participation rates come from the recent iteration of the OHAS Survey. The survey was administered in 2011 and asked respondents to detail their travel and activity engagement and durations for one weekday from the seven-day week, but weekends were excluded. The entire dataset consists of 18,250 households and includes information on household socioeconomic attributes, vehicle ownership, vehicle retirement and travel and activity decisions for all members of the household. In the entire OHAS sample, there are a total of 46,414 number of individual travelers. However, only households in the Portland Metro Region were considered, and only travelers 16 years or older were considered, leading to a total of 5522 unique individual traveler observations in the final analysis. The total number of choice situations faced by all travelers was 13,281 in the final analysis sample. To provide feasible estimation times, a sample of 500 individuals were sampled randomly in the final model estimated.
Before estimation on the dataset can begin, the data was preprocessed. Full-time workers were those respondents working more than 40 h a week combined across all jobs. With respect to timing, an activity was considered as occurring in the morning if the start time was after 3 AM and before 12 PM on the observed travel day. An activity was considered as occurring in the afternoon if the start time was after 12 PM and before 5 PM on the observed travel day. An activity was considered as occurring in the evening if the start time was after 5 PM and before 3 AM on the observed travel day. Additionally, the Oregon Department of Transportation (ODOT) classified each activity location as an urban area. An activity location was classified urban if less than a 1 mile radius beyond the locations was required to accumulate 2500 people in residence and less than 5 miles to accumulate 50,0 0 0 people in residence.
The decision-making context examines discretionary activity type choices for activities completed within a one-day period. Three types were considered: (i) social, (ii) personal business and (iii) other discretionary. These classifications were aggregations of the original categories in the OHAS and were defined by the OHAS committee. The aggregation of original activity types is as follows: The distribution of household and personal attributes across the analysis sample is shown in Table 1 . The distributions of daily activity counts are shown in Fig. 1 . From Fig. 1 , participation in social/recreational and other discretionary activities have flatter distributions relative to personal business. This is consistent with the mean number of occurrences observed per day. According to Table 1 , social/recreational activities have the highest frequency of participation across the sample, with an average of 1.30 activities per day, followed by personal business and other discretionary, each with an average of 0.62 and 0.49 activities per day respectively. Overall individual travelers are observed to participate in 2.41 discretionary activities per day. Examining the three types of discretionary activities more closely, social/recreational activities had the highest rate of participation and mean duration, followed by personal business and other discretionary. However, the mean duration for other discretionary was significantly lower relative to personal business. The higher frequency and mean duration for social/recreational activities is intuitive, since they likely provide more utility relative to the other two types. Looking at the timing of activities, social activities occur predominantly in the afternoon followed by evening. The same was observed JID: TRB [m3Gsc; September 13, 2017; 11:37 ] for personal business activities. However, other discretionary activities occur more in the morning. With respect to the household characteristics, on average, households were 2.8 member with an average of two vehicles per household.
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Choice set generation
The model developed is disaggregate and examines the count in activity type participation that arise from individual choices, using a Poisson model at the top level and discrete choice model at the bottom level. Discrete choice models require the alternatives to be discrete and exogenously defined, forming choice sets faced by the individual. Several behavioral assumptions regarding which alternatives travelers consider at any given time are required to define these choice sets. One of the main difficulties faced by analyst who model travel and activity patterns within an RUM choice modeling framework is reconstructing the entire choice set, since only the final observed choices are observed.
This study examines the daily out-of-home discretionary activity participation of travelers. Participation is further considered as a choice among different discretionary activity types. More specifically, three types were considered: (i) social/recreational, (ii) personal business and (iii) other discretionary. Since these activities are discretionary, travelers are assumed to choose participation from a choice set of possible activity types. All travelers were assumed to face three alternatives per choice set, one from each activity type, including the observed chosen one. The attributes of the non-chosen alternatives were determined based on a hierarchical process. First, if an activity type was reported by the respondent during the observed travel day, the attributes for non-chosen alternatives was taken from one of these reported activities randomly. If an activity type was not reported by a respondent, but reported by another household member, the attributes for the non-chosen alternative was taken from this set of activities. Finally, if neither the traveler nor other household members had chosen that alternative, then a set of attributes was drawn randomly from the sample population. This approach is similar to the one taken by Cirillo and Axhausen (2010) in modeling activity schedules; these authors had a six-week travel dairy to sample from to form choice sets.
Estimation results and discussion
The estimation results for the illustrative case are provided below in Table 2 . All parameters were sampled by rretaining 20 0 0 MCMC draws, from a total of 10,0 0 0 draws (saving every 5th draw), with a 10 0 0 burn-in phase. The entire run took about 24 h of wall clock time on a 3.60 GHz Intel Core i7-4790 CPU Windows 8.1 OS machine, using Matlab. The Reimann zeta function ζ(.) was evaluated using the Matlab function zeta(z) in the Symbolic Math Toolbox. The author notes that an implementation on a UNIX machine using a FORTRAN compiler would likely reduce the run time significantly.
Three sets of attribute parameters are shown: (i) attributes only contributing towards the Poisson count intensity; (ii) attributes contributing to the choice alternative utilities; and (iii) attributes contributing to both the Poisson count intensity and choice alternative utilities. All parameters were statistically significant at a 5% significance level. With respect to JID: TRB [m3Gsc; September 13, 2017; 11:37 ] the interpreted attribute impacts, as the spatial distance from a respondent's home location increases, the probability of choosing specific discretionary activity types decreases, indicated through the negative sign on the corresponding attribute. This is consistent with human geography studies indicating a higher probability of activities closer to home from an activity area perspective, which characterizes a probability distribution over activity locations, where home and other activity "pegs" serve as the foci ( Rai et al., 2014 ) . All other parameters were positive indicating a positive impact on probability of activity choice. Social activities occurring in urban areas and starting in the evening have a higher probability of choice, relative to non-urban areas and morning or afternoon times, respectively. Understandably, social activities are less restricted by business hours, relative to other activities like going to the bank. Furthermore, travelers may prefer urban activities relative to other land use types due to proximity to other activities from a higher urban area activity density. Personal business activities, which include maintenance activities, household errands and servicing personal vehicles, have a higher likelihood of occurring in the afternoon and evenings, relative to the morning. Conceivably, these activities face more restricted business hours, relative to social and others discretionary activities, leading to a higher choice propensity to participate during the morning hours. Estimated parameters for attributes in both choice and count models were consistent in sign, indicating that the direction of impact of attributes were similar in both cases. The one exception was the alternative specific constant for personal business, which was positive in the choice but negative in the count model. The consistency in signs indicate that attributes affecting choice positively (or negatively), leading to a higher (or lower) likelihood of choice, affected the mean Poisson count rate similarly. For example, with greater distance from home, activities are less likely chosen, indicated by the negative coefficient of −0.005 in the choice model. This impact is larger in the count intensity parameter, with a coefficient of −0.476. Interestingly, for many of the estimated parameters, the signs between the choice and count model parameters were consistent, but the magnitudes inconsistently scale. For example, for social activities located in urban areas, the coefficient in the utility for social activity types was 0.336, but for the Poisson count intensity parameter, this coefficient value was 0.092. For choice models, the actual scale of choice alternative utilities is meaningless, as only utility differences translate into changes in choice probabilities; both scales, choice utility and count intensity, and their relationship may be dissimilar or have difficult intuitive interpretations. All attributes included only in the count model were positive in sign. As the number of household vehicles increases, the mean count intensity for daily discretionary activity participation increases. While a joint count-choice model can separate the effects of attributes on observed counts and choices, interpretation of the results requires further research, since both scales are different; the count intensity parameter is in rate of occurrence, while the choice alternatives are in utilities. Nonetheless, the joint model distinguishes between impacts at both levels.
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Conclusion
The model of count with endogenous choice presented offers many potential opportunities for capturing and estimating the effects of individual choices on collective aggregate level observations, such as event counts. Such models preserve the mapping between the two stochastic variables (choice and count), permitting an investigation of how choice alterna-tive attributes affecting choice also affect overall count. As researchers and analysts in both the transportation and network science fields continually examine the same problems, methodologies that integrate the approaches from both fields may provide further linkages leading to new insights drawn from both. In particular, while models of individual discrete choices are well developed an applied in the transportation field, the relationship with models of aggregate level observations, such as exponential random graph models (ERGM) used to model social network connectivity have room for further exploration. Many stochastic models in network science focus on the statistical behavior of a collection of observations, sometimes precluding the linkage with individual level choices. This paper presents a model of count with endogenous choices, where the top level is Poisson and the lower level is a RUM discrete choice model, with the intended outcome of initially exploring insights along this direction.
The estimation results point towards several methodological barriers that require further consideration in future studies. First, estimating joint models where the marginal distributions are from different parametric families requires evaluating a convolution between an upper and lower level distribution. Typically, these convolutions have no analytically tractable closed forms, requiring other analytical approximation methods. The approach in this paper relies on a recursive method suggested by Burda et al. (2012) which uses a series expansion of the joint density of a Poisson and J-order statistic marginal. This series expansion is subsequently approximated through cumlants to address this computational issue. This approach also brings to light the further analytical appeal of assuming Gumbel error terms in the choice alternative utilities, leading to several analytically appealing results in deriving cumulant approximations of the joint mixing distribution. Such an approach may have application in future situations where the marginal distributions are from different parametric families. In terms of interpretation of parameter estimates, the interpretation is not straightforward and distinguishing the effects between the two levels requires further parameterization of the parameter weights linking the choice alternative utilities and the Poisson count intensity parameter. However, since the scales of both models are not necessarily consistent (the lower level is utility the upper level is mean count intensity), future studies would need to examine the application of the estimated model and the interpretation of its parameters at both levels. Additionally, future studies will consider other count distributions, such as the negative binomial, which will allows for over-dispersion.
